, or 5.6%, of the approximately 4,090,000 km 2 forested Brazilian Legal Amazon had been deforested Tucker 1993, Skole et al. 1994 ) since theconstruction of the Belem-Brasilia Highway in 1958 (Moran et al. 1994 ). Each year, approximately 15,000-20,000 km 2 of additional primary tropical forest in this region are cut and cleared (Skole et al. 1994) , although estimates of clearing rates have varied greatly among studies and over the decades (approximately 8000-10,000 km The carbon dynamics associated with this ongoing transformation of the Amazon are globally significant. Brazil now ranks fourth in atmospheric carbon emissions (behind the United States, the states of the former Soviet block, and China; Goldemburg 1989) , in large part because of Amazonian deforestation (Moran et al. 1994) . Although the general trend toward tropical forest loss in the Amazon is well documented (Setzer and Pereira 1991 , Fearnside 1993 , Skole and Tucker 1993 , Houghton 1994 , more subtle but significant issues also affect regional and subcontinental carbon budgets. Researchers now realize that forested areas that have been cleared do not necessarily remain deforested. Studies that assess biomass and carbon stocks or fluxes must consider afforestation-that is, the conversion of nonforested areas (e.g., pasture and cropland) to secondary forest-which typically results from abandonment or agricultural rotation. Secondary forests are those areas that have been abandoned and that have become revegetated after all or a significant portion of the original, primary forest has been removed.
Researchers who use satellite data to monitor deforestation are recognizing that secondary forests are an important component of Amazonian land-cover change dynamics (Brown 1993 , Moran et al. 1994 , Skole et al. 1994 , Alves and Skole 1996 , Kimes et al. 1999 . Rates of deforestation and afforestation in the Amazon are responsive primarily to political and economic policiesfederal tax incentives or subsidies that promote ranching, mining, and logging-and only secondarily to population pressures (Moran et al. 1994) .
A significant proportion of areas that have been deforested cycle in and out of secondary forest regrowth from year to year (Alves and Skole 1996, Fearnside 1996) , and this cycling has ramifications for the carbon budget of the Brazilian Legal Amazon, the world's largest remaining tropical forest. The cutting, burning, and clearing of primary forest and the subsequent cycles of afforestation and deforestation affect the amount of carbon that is sequestered and released from a particular parcel of land over time. The rate at which carbon is sequestered by secondary forests depends primarily on the age of the forest, on the number of times that the land has been cleared and used for agricultural or pastoral purposes, and on its use while cleared (Uhl et al. 1988) .
In this article, we explore the use of Landsat Thematic Mapper (TM) digital satellite imagery to estimate aboveground dry biomass and carbon budgets in a section of the Brazilian Amazon that is currently being settled. We developed a 7-year land-cover history of the colonized area around the city of Ariquemes in the state of Rondô-nia, Brazil, using multitemporal TM data ( Figure 1 ). Seven scenes acquired during each dry season from 1989 through 1995 were each classified to identify primary forest, secondary forest, and nonforest/cleared areas. The seven forest classification maps were concatenated and used to develop land-cover trajectories that identified a particular pixel, for a given year, as primary forest, nonforest, or secondary forest. Each secondary forest pixel was further identified by age of regrowth and number of times that the land represented by the pixel had been cleared. This 7-year data set served as the digital ground reference for this study.
Because forest age and land-use history (i.e., number of times cleared) can serve as surrogates for biomass and carbon accumulation rates in Amazonian secondary forest, the most recent of the seven images (i.e., 1995) was studied to see whether single-date satellite imagery could be used to accurately estimate the age and land-use history of the secondary regrowth. If such information can be gleaned from a single satellite acquisition, then one clear overpass might be all that is needed to develop accurate estimates of biomass and carbon sequestration rates. All too often, one clear overpass is all that is available in the satellite record because views of Amazonia from space are frequently obscured by clouds or smoke. If satellite data can be used to measure secondary forest characteristics important to biomass cycling (i.e., areal extent, age, and land-use histories), then more accurate carbon budgets could be developed for the Amazon.
Biomass, carbon, and tropical forests
Secondary forests are carbon sinks (Lugo and Brown 1992) . Tropical afforestation mitigates the net carbon flux to the atmosphere that results from forest clearing. However, the rate at which carbon is sequestered by tropical secondary forests varies greatly. This variation is driven by age of the secondary forest, land-use history of the cleared area, number of times that the area has been cleared, soil fertility (Moran et al. 1994) , and forest type. For instance, Houghton et al. (1991) reported carbon accumulation rates in tropical moist, seasonal, and open forests of 5, 4, and 3 t·ha -1 ·yr -1 , respectively. These forests are markedly different from one another, grading from the typical tropical rain forest types to the much drier wooded savannas. Carbon was lost from the soil when forests were cleared and the land was cultivated. Conversely, soil carbon uptake rates in secondary forests regenerating on abandoned, previously cleared areas of tropical moist, seasonal, and open forests were approximately 1.2, 1.2, and 0.85 t·ha -1 ·yr -1 , respectively. The mathematical relationship between carbon sequestration and biomass accumulation is straightforward, although it is important to be cognizant of which measure is being discussed. Fearnside (1996) used a carbon-to-biomass conversion factor of 0.45 for secondary forest, based on work by Guimarães (1993) . In other words, the conversion of 100 tons of aboveground dry forest biomass is equivalent to 45 tons of carbon. Fearnside (1996) uses a conversion factor of 0.50 for primary forest, the same conversion factor suggested by Brown and Lugo (1984) . Uhl et al. (1988) studied the effects of secondary forest age and land-use history on biomass accumulation rates in the Amazon. They studied 13 abandoned pastures near Altamira in northern Pará, Brazil, and found that lightly used pastures that had reverted to forest (i.e., because they were abandoned shortly after being cleared and subjected to light grazing pressure) accumulated dry biomass-trees and vines-at a rate of approximately 10 t·ha -1 ·yr -1 . After 8 years, biomass had rebounded to 25% of original primary forest levels. Moderately used, abandoned pastures (grazing intensity approximately 1 animal unit/ha; used for 6-12 years as pasture) accumulated biomass at a rate of 5 t·ha -1 ·yr -1
. One older site, which had been subjected to moderate grazing pressure for 6-13 years and then mechanically cleared, accumulated biomass at a rate of only 0.6 t·ha . Based on these results, Uhl et al. (1988) noted that secondary forest age was a good predictor of biomass on lightly and moderately used sites, but not on heavily used sites. Lugo and Brown (1982) provided another example of how quickly tropical moist forest accumulates biomass. Citing data from Bartholomew et al.'s (1953) work in the Belgian Congo, they reported a total biomass accumulation of 175 t/ha after 18 years, for an average rate of 9.7 t·ha -1 ·yr -1 . The growth rates over that 18-year period were not linear. Rates varied from approximately 18.75 t·ha -1 ·yr -1 for the first 8 years to 2.5 t·ha -1 ·yr -1 over years 9-18. Given that undisturbed tropical moist forests maintain, on average, 223-538 t/ha (Brown and Lugo 1980) , this recovery represents the restoration of 33-78% of predisturbance, total forest biomass values in less than 20 years.
Such statistics have occasionally been used to argueincorrectly-that tropical deforestation is actually "good" for the carbon budget because it results in a net carbon withdrawal from the atmosphere. This argument holds that primary forests, which accumulate carbon slowly or not at all, should be replaced with young, vigorous, carbon-consuming secondary forests. However, Harmon et al. (1990) reported that, although secondary forests are carbon sinks, the conversion of primary forest to young, fast-growing secondary forest results in a net CO 2 flux to the atmosphere, even when carbon sequestration in buildings is taken into account. Thus, the creation of rapidly growing secondary forests from primary forests will not reduce net long-term atmospheric CO 2 . In addition, given that significant areas of primary forest have already been cleared, conversion of lands to permanent agriculture should be met, as much as possible, from secondary forests because secondary forest carbon pools are smaller than those of primary forests (Brown 1993) .
Secondary forests that arise from cleared areas are an important land-cover component in the Amazon, especially along the eastern and southern edges of the Brazilian Legal Amazon, where most clearing activities take place. For example, Alves and Skole (1996) documented cover-type transitions in Rondônia over a 6-year period from 1986 to 1992. On their 210,884 ha study area, they found that the total area increased from approximately 29,000 to 47,000 ha over 6 years, a forest conversion rate of approximately 1.5% per year. (This clearing rate is unusually high and is characteristic of an area undergoing active settlement.) Depending on the year, anywhere from 22% to 48% of the total area altered by humans was secondary forest. Alves and Skole (1996) concluded that both abandonment of cleared areas and the clearing of secondary forests are common practices in this particular area.
Using data on ranching and farming landscapes and associated transition probabilities in Rondônia (Skole et al. 1994 ) and northern Pará (Moran et al. 1994 ), Fearnside (1996 used Markov matrix analyses to provide a quantitative description of future Amazonian land cover. In regions where farmers now control 30% of the area and ranchers control 70%, the equilibrium landscape in the year 2090 would comprise 4% farmland, 44% productive pasture, 5% degraded pasture, and 47% secondary forest. Approximately 14% of the productive pasture, 7% of the degraded pasture, and 8% of the farmland would transition to secondary forest each year in this predicted landscape 90 years hence. On average, farmland would be actively worked for 1.8 years before transition to another land use. Secondary forest residence times would be on the order of 5-6 years, after which they would revert to farmland or pasture (Fearnside 1996) . (Skole et al. [1994] reported a mean turnover time of 5 years for secondary forest in the Ariquemes, Rondônia, area.) It is obvious from Fearnside's (1996) transition matrix that secondary forests play a key role in areas being converted from primary forest to an agricultural/secondary forest complex. The role of secondary forests in carbon flux and biomass calculations will only become larger as more of the Amazon is cleared.
Because the earth's tropical forests hold so much biomass and carbon (Brown and Lugo 1984, Brown et al. 1993) , because tropical deforestation accounts for approximately 15% of the rise in the average global temperature (Matthews 1990 , Houghton 1994 , because there continue to be questions concerning the magnitudes of different global carbon pools, and because satellite data analysis is often the only way to acquire synoptic views over the huge expanses of inaccessible tropical forests, much work has been done to try to differentiate types of forested land cov-er in the tropics using satellite digital and photographic data. Satellite data can be used to differentiate secondary forests from primary forests and nonforested areas in the tropics. For example, Steininger (1996) , using TM digital data, found that primary and secondary tropical forest spectral signatures were distinct up to approximately the 14-year mark. However, older secondary forest spectrally merged with primary forest. In field investigations near Altimira on the TransAmazon Highway, Moran et al. (1994) identified secondary regrowth that was 1-5 years old, 6-10 years old, and 11-15 years old. These three classes, along with primary forest and nonforest classes, were identified at individual class accuracies exceeding 92% using TM data. Like Steininger (1996) , Moran et al. (1994) concluded that, at least in areas of fertile soil, at 15 years the secondary regrowth appears to be nearly identical to mature Amazonian forest. This 15-year age limit at which secondary and primary forest spectral signals merge may be different (either longer or shorter) in other tropical regions (Helmer et al. in press) .
Typically, satellite map accuracies decrease as the level of land-cover detail extracted from the satellite digital data increases. Mapping accuracies fall significantly when attempts are made to extract narrow (1-3 year) age classes from satellite digital data. For example, Foody et al. (1996) used Landsat TM data to differentiate six clearing classes-pasture, less than 2 years old, 2-3 years, 3-6 years, 6-14 years, and more than 14 years-near Manaus, Brazil, with class accuracies of 99.3%, 34.6%, 81.7%, 53.1%, 72.7%, and 97.7%, respectively. As expected, adjacent age classes were the source of most classification confusion. Kimes et al. (1999) concluded that 1-year secondary forest age classes could not be reliably estimated using singledate imagery from SPOT (a French Earth resources satellite). These results indicate that age groups that incorporate secondary stands with an age range of 5 years or greater can be differentiated with high (90%+) accuracies using TM but that specific year classes are too similar spectrally to distinguish accurately.
Developing the TM ground reference data
As already mentioned, clouds and smoke in the tropics often obscure Earth resources satellite data acquisitions. Indeed, researchers are fortunate to receive one clear scene per year over a particular piece of tropical real estate, both because the relatively long satellite repeat cycles (e.g., 18 days for TM) limit the number of potential acquisitions and because cloud-free periods in the tropics are typically associated with the dry season, when farmers and ranchers burn their fields and recently cleared areas. The auspicious acquisitions of seven relatively cloud-and smoke-free TM scenes approximately 1 year apart over a 170 × 185 km area around Ariquemes, Rondônia, thus provided a unique research opportunity. This multitemporal data set served as a reference, or "ground truth" data set that allowed us to test advanced image processing techniques to see whether we could accurately delineate 1-year secondary forest age classes using single-date TM imagery.
The TM scenes were acquired from Landsat-5 over a 7-year period from 1989 to 1995. The seven TM scenes include the following acquisition dates for path 232, row 67: 8 July 1989 , 2 December 1990 , 12 June 1991 , 22 June 1992 , 7 October 1993 , 4 June 1994 , and 25 July 1995 Because there were no gaps in this yearly record, temporal gap errors such as those discussed by Kimes et al. (1998a) were not of concern. Only six of the seven TM bands were used from each scene; band 6, the thermal band, was not considered because of its lower (120 m) spatial resolution. Two of the six bands retained from each scene for use in our analysis, that is, the two middle infrared bands, have been identified as especially useful for the "discrimination of different regeneration stages in tropical forests" (Boyd et al. 1996) .
All images were registered to the 22 June 1992 image. Scene-to-scene registration involves error because differences in the satellite orbit preclude the precise overlay of pixels from different scenes. Inaccuracies are typically reported as root mean square (RMS) errors, that is, as the square root of the average squared error. RMS registration errors in the along-and across-track directions ranged from 0.4 pixels to 0.7 pixels. RMS total registration errors ranged from 0.75 pixels to 0.95 pixels.
Each of the seven scenes was classified independently into six spectrally distinct cover types-primary forest (p), nonforest/cleared (n), secondary forest (s), natural nonforest (g), obscured (o; i.e., cloud or cloud shadow), and water (w). As discussed previously, the secondary forests are spectrally distinct from the much older primary forest, at least up to a secondary forest age of approximately 15 years. Accuracy assessments done on similar TM classification products have reported class accuracies of more than 90% for similar simplistic, spectrally distinct cover types (Moran et al. 1994 , Coppin and Bauer 1996 , Kimes et al. 1999 .
Finally, the seven digital classifications (i.e., the 1989-1995 land-cover maps) were concatenated. The area common to all seven scenes incorporated 36,671,865 pixels, an area of approximately 3.3 × 10 6 ha (Table 1) . With the seven scenes having been registered, classified, and concatenated, a 7-year land-cover history was available for each of the more than 36 million pixels. A mapping program was then used to produce an eighth data layer that synthesized the land-cover information available in the yearly land-cover identities spanning 1989-1995. This program evaluated the tens of thousands of possible landcover trajectories to produce an output image containing the 21 classes listed in Table 1 . The program identified areas (pixels) that remained in primary forest throughout the 7-year period, areas that were nonforested throughout the 7-year period, areas under water, and areas that, because of local cloud or smoke problems on one or more dates, were judged to be obscured.
Of particular interest were the identities of secondary forest with respect to age and clearing history based on 1989-1995 land-cover classifications. The age of a particular secondary forest pixel was defined as the number of years since abandonment, with abandonment defined as per Fearnside (1996;  i.e., years since the last burning). The number of years since abandonment could not, of course, be ascertained for any area that was already in secondary forest in the 1989 image and remained in secondary forest through 1995. Therefore, the oldest secondary forest age class delineated was a composite of age classes greater than or equal to 7 years. Also, an accurate determination of secondary forest age depends on the spectral separation between areas burned one year and not burned the next. This reliance on the spectral separability of burns 1 year apart is a potential source of error with respect to an accurate determination of secondary forest age. However, the rapid biomass accumulations noted on many abandoned tropical forest lands (Lugo and Brown 1982 , Uhl et al. 1988 , Houghton et al. 1991 ) mitigate the size of this error. Finally, some portion of forests that we classified as secondary may in fact be agricultural food crops (e.g., manioc [cassava], cashew). The size of this secondary forest overestimation error is unknown, but we believe it to be small, based on personal observations during field visits to Rondônia.
Based on the 7-year trajectories, the secondary forest in the output image was identified according to the number of times that the particular area had been cleared and according to its age since abandonment. We refer to the number of times cleared as "degree." First-degree areas were those that had been cleared only once within the available TM record. Second-degree secondary forest had been cleared twice between 1989 and 1995. As an example, a seven-date trajectory for a particular pixel might be "ppnsnss." That is, this pixel was classified as primary forest in 1989 and 1990, as nonforest in 1991, as secondary forest in 1992, as cleared again in 1993, and as secondary forest in 1994 and 1995. This pixel would be identified in the output image as second-degree, 2-year-old secondary forest in 1995. The specific rules used to construct the ground reference data set are available from Ross F. Nelson.
In general, the rules reflected four facts. First, secondary forest could change into primary forest because, as secondary forest ages, its spectral similarity to primary forest increases. For instance, a trajectory such as pnssspp would be identified as first-degree, 5-year-old secondary forest. The assumption here is that the misclassifications made in 1994 and 1995 (i.e., identifying the pixel as primary forest instead of secondary) were understandable, given the fact that older secondary forest begins to look like primary forest. Second, the change from primary forest directly to secondary forest without an identifiable period of clearing was not allowed to occur. Any trajectory with a p © s conversion was thrown into the "undefined" category because the analysts wanted to be sure that they were dealing with true secondary forest and not digital misclassification error. Third, local cloud or smoke obscuration frequently resulted in a pixel being classified as undefined because its age or clearing history was ambiguous. Fourth, a pixel identified as water or natural nonforest on any date forced that pixel into the respective class for the entire 7-year period.
This mapping program was developed primarily to ensure that the different secondary forest age classes were identified as accurately as possible, rather than to maximize overall accuracy. Thus, in exchange for a more accurate and unambiguous set of potential secondary forest training and test areas, these rules overestimated the area of water and natural nonforest and placed a significant number of potentially useful pixels into an undefined category. The land areas represented by these undefined pix-els were later apportioned to the different land-cover classes based on a visual inspection of a sample of these undefined pixels.
The 21-class ground reference image generated by the mapping program contained the location of primary forest, nonforest, and 16 secondary forest classes in the 1995 TM image. Each of these classes was screened to identify areas to train and test the results from computer mapping programs used to identify secondary forest age classes. Training areas composed of pixels that were spectrally representative of the different cover types were needed so that a particular computer mapping program (or classifier) could "learn" to mathematically recognize the different cover types of interest. Test pixels were used to provide an unbiased estimate of how accurately a particular classifier differentiated the different cover types. Given that there were misregistration errors between scenes (up to 0.95 pixels RMS in the worst case), polygons outlining training and test sites were, to the extent possible, located within (i.e., away from the edges of) contiguous areas identified as a single class.
Once training and test samples for neural net and linear discriminant functions were selected, undefined pixels in the ground reference data layer were then apportioned. Approximately 4.4% of the TM scene pixels were undefined-that is, they represented a "nonsense" class of trajectories that did not make sense given the trajectory mapping rules provided. These pixels were studied to determine why almost one-twentieth of the scene was considered nonsensical. The vast majority of these pixels was associated with secondary forest. A sample (n = 405) of these unclassified pixels was selected and visually categorized so that the unclassified pixels could be partitioned among the primary forest, nonforest, and secondary forest cover types to facilitate biomass calculations. Approximately half of this undefined group lay on clearing edges and, because of small misregistration errors, alternated between nonforest or secondary forest and primary forest (a violation of the mapping rules that prevent secondary forest from following primary forest directly). Other undefined pixels were in areas that seem to have been selectively logged or thinned and never went through a cleared, or nonforested, state. Of the 405 pixels checked, 36.3% were primary forest in 1995, 2.7% were nonforest, and 61.0% fell into one of the secondary forest classes. The area associated with the more than 1.6 million undefined pixels was apportioned into the 21 land-cover classes for biomass budget calculations based on proportions calculated from this sample. Cover class percentages (after this apportionment) for the area surrounding Ariquemes, Rondônia, are reported in Table 1 .
Analysis of the 1995 TM imagery
Land-cover classes that are easily separated spectrally will have high map accuracies. Higher map accuracies, in turn, lead to more accurate biomass and carbon estimates. To investigate the spectral separabilities and map accuracies associated with the 21 land-cover classes (Table 1) , training and test areas were identified in the 1995 TM image. Interior polygons (i.e., polygons away from the edges of clearings) were delineated as primary forest or nonforest or as one of the 15 of the 16 secondary forest classes. (The fourth-degree, 1-year secondary forest class was not considered, due to its limited and widely scattered extent.) For The primary forest biomass estimate is an average of two ranges: 223-538 t/ha for tropical moist forest (Lugo and Brown 1982) and 292-436 t/ha for Rondônia (Rignot et al. 1997) .
b
Based on a biomass-to-carbon conversion factor of 0.5. The nonforest biomass estimate is an average of carbon accumulation estimates from Houghton et al. (1991) , recalculated as dry biomass using Guimarães' (1993) and Fearnside's (1996) biomass-to-carbon conversion factor of 0.45. Houghton et al. (1991) estimates that croplands maintain 5 t/ha of carbon and that pastures maintain 10 t/ha of carbon, which is equivalent to 11.1 t/ha and 22.2 t/ha of biomass, respectively. Assuming an equal split between cropped and grazed areas in this 1995 scene, the nonforest areas maintain 16.7 t/ha of biomass, on average. (Uhl et al. 1988 ).
h Second-, third-, and fourth-degree secondary forest (moderately used cleared areas) was assumed to accumulate dry biomass at a rate of 5 t·ha-1·yr -1 (Uhl et al. 1988) . The actual accumulation rates reported are weighted by the age and area of the different secondary forest cover types. each of these 17 cover types, a list of all pixels included in these interior polygons was compiled. Each list was systematically sampled to develop shortened lists with equal class sizes for use in subsequent analyses. This approach ensured that responses across the entire image were selected and that only a few pixels from each polygon were sampled; it resulted in equal weighting (i.e., equal class sizes) for each of the 17 land-cover types. The pixel lists included location, class assignment, the six TM spectral responses from the 1995 image, and 13 digital texture measures. The texture measures, which are numerical descriptions of spectral uniformity, were derived using the TM red, nearinfrared, and shortwave-infrared bands. Texture measures were included in the lists based on the results of preliminary classification and variable selection analyses and on work by Kimes et al. (1999) . The specific texture variables considered are available from Ross F. Nelson. These spectral and textural response lists were used to estimate classification accuracies associated with discrimination of primary forest, nonforest, and (collectively) all types of secondary forest; to determine the accuracy with which the age of tropical secondary forest can be estimated using TM multispectral or textural data; to determine whether the clearing history of a particular tract of land (i.e., number of times cleared) could be ascertained spectrally; and to compare the accuracies of secondary forest age determination using neural nets (Kimes et al. 1998b) versus linear discriminant functions.
The results of these accuracy assessments were then used to estimate biomass and carbon budget errors involved with the use of single-date TM imagery to assess secondary forest. Error rates were calculated for the present-day situation in the Ariquemes, Rondônia, area as typified by the trajectory history as of 1995. Budget errors for biomass and carbon were also calculated for a future landscape as described by Fearnside (1996) , in which the predominant land covers are agriculture, pasture, and secondary forest.
Biomass budget of an Amazonian area undergoing active settlement
Almost 80% of the area around Ariquemes is primary forest (Table 1) . Table 2 , which reports the biomass and carbon allocations to the various cover types as described using the 7-date trajectory composite, shows that over 98% of the biomass and carbon in this scene in 1995 was invested in this primary forest.
Given that all of the secondary forest and nonforest and the majority of the water-covered areas in the TM scene were originally primary forest, a coarse estimate of biomass and carbon flux for this area can be calculated. Since the early 1970s, when the main road (BR-364) between Porto Velho, Rondônia, and Cuiaba, Mato Grosso, was built and settlement began (Frohn et al. 1996) , 633,083 ha have been cleared or inundated. At an average biomass of 372 t/ha, 235.7 million tons of biomass were cut, releasing 117.8 million tons of carbon over this 25-year period. The cleared areas in this time frame have accumulated carbon, specifically those amounts reported in Table 2 -13.5 million tons of aboveground dry biomass, or 6.1 million tons of carbon (calculated by summing the nonforest/cleared and all secondary forest entries). The 33,000 km 2 area surrounding and west of Ariquemes, Rondônia, that is included in the TM scene has, therefore, released approximately 4.5 million tons of carbon per year from approximately 8.9 million tons of forest biomass per year. Over the 25-year period before 1995, carbon release to the atmosphere from this area amounted to 1.34 t·ha -1 ·yr -1 ; the biomass loss rate was 2.69 t·ha -1 ·yr -1 . These figures do not take into account soil carbon pools. Houghton et al. (1991) reports that belowground biomass may be calculated as approximately 25% of the aboveground biomass, although the soil biomass is extremely variable (i.e., 8-85% of the aboveground amount).
Using single-date TM imagery to estimate secondary forest age and clearing history
Multitemporal data sets such as the TM scenes that were acquired over 7 consecutive, relatively cloud-free years from 1989 to 1995 are rare for the tropics and are labor intensive to generate. Consequently, we investigated whether general forest-cover types (i.e., primary, secondary), 1-year age classes, or cutting history (e.g., first or second degree) could be determined using single-date TM imagery.
Differentiating primary from secondary forest.
Initially, two classifiers were used to map primary forest, nonforest, and secondary forest. These two classifiers, a linear discriminant function and a neural net (Predict software, Neuralware Inc.), were selected so that the results of a less conventional, nonlinear neural net approach to map tropical forest cover could be compared to results generated using a more traditional, parametric, linear procedure. Direct comparison of the two sets of results (Ross F. Nelson, Daniel S. Kimes, unpublished results) indicated that the use of a neural net classifier in conjunction with various texture measures increased primary forest-nonforest-secondary forest classification accuraciesfrom 92.7% to 98.5%. Approximately half of the increase was attributable to the use of texture measures; the remainder was attributed to the use of the neural net. The results of these analyses were similar to those found in a different investigation (Kimes et al. 1999) , which considered the use of SPOT-HRV (high-resolution visible) data for tropical secondary forest assessment.
By developing the appropriate neural net functions, we were able to differentiate primary forest from, collectively, all of the secondary forest cover classes (Figure 2 ). The neural net was then applied to each of the secondary forest classes individually to determine whether accuracies declined as the secondary forest aged (and began to appear more and more like primary forest). The neural net was also applied to secondary forest age classes with different clearing histories (i.e., different degrees) to determine the effects of land-clearing history on accuracies. Figure 2 shows that classification accuracies, although somewhat variable, do not decrease with increasing forest age, at least within the range of ages we considered. These results support findings by Moran et al. (1994) and Steininger (1996) , who concluded that secondary forest up to the age of approximately 15 years can be reliably differentiated from primary forest using satellite data. As expected, Figure 2 also indicates that forest growing on lands that have been cleared multiple times are as easily, if not more easily, differentiated from primary forest.
Determining secondary forest age using TM.
Since clouds, smoke, or haze frequently obscure satellite views of the Amazon, analysts often rely on single-date imagery to identify land-cover features. We wanted to see how well secondary forest ages could be estimated given only a single TM image. Figure 3 illustrates the actual versus predicted age relationship when a neural net was constructed using TM spectral and textural information. The neural net predicted the secondary forest year classes with a RMS error of 1.59 years and an R 2 of 0.37. In other words, TM-based estimates of secondary forest age were in error, on average, 1.6 years when age classes between 1 years and 7 years were estimated. And predicted age explained only 37% of the variability seen in the actual 1-year age classes. From a practical standpoint, therefore, it is not possible to accurately predict 1-year secondary forest age classes using neural nets and single-date TM spectral and textural data.
Determining clearing history using TM. Secondary forest age and clearing history are spectrally confounded. As noted by Uhl et al. (1988) , secondary forests that have been repeatedly cleared and used for crops or pasture recover more slowly than once-cleared forest. Hence, older second-and third-degree forests will appear to be similar to younger first-degree forests (Figure 4 ). Not shown in Figure  4 (in the interest of clarity) is the spectral variability surrounding the plotted mean values. One standard deviation plotted around any of the three degree means would incorporate the means of the remaining two groups. Thus, information concerning clearing history cannot reliably be deduced using single-date TM imagery.
Biomass budget errors using TM data
Given that single-date TM imagery cannot be used to accurately estimate 1-year age classes or to deduce the clearing history of tropical secondary forest, how large are the biomass estimation errors that result? To answer this question, we evaluated two Rondônian scenarios to determine coarse biomass budget estimation errors that might be encountered if only single-date satellite imagery were available. Implicit in the use of single-date TM imagery is that secondary forest must be classified as a single, all-ages cover type. One scenario represented the present day (i.e., 1995), in which approximately 20% of the Landsat TM scene has been converted from primary forest into cleared or secondary forest areas, as is the case near Ariquemes. In this first scenario, the biomass budget presented in Table 2 was used as ground reference (i.e., the best estimate available of what was actually on the ground near Ariquemes in 1995). This first scenario compared the biomass budget calculated using the forest ages and clearing history as determined by the time series analysis with the budget deduced from a scene in which secondary forest was identified only as a single class because of the inability to accurately discern the age of the regrowth. The second scenario considered a futuristic Rondônian landscape in equilibrium, one that has reached an areal stasis as calculated by Fearnside (1996) . Using Fearnside's enumeration of different agricultural and secondary forest areas, biomass budgets were calculated with and without secondary forest age information. These biomass budgets were compared to describe errors that might be incurred if secondary forest age was not taken into account in a landscape dominated by forest conversion.
Scenario 1: 1995. In this scenario, where the majority of the TM scene is primary forest, biomass estimates were calculated with (Table 2 ) and without secondary forest age and clearing history information. In calculating biomass estimates for undifferentiated secondary forest (i.e., no age information), two different regeneration rates were assumed: 5 t·ha -1 ·yr -1 and 10 t·ha -1 ·yr -1 (Uhl et al. 1988) . It was also assumed that secondary forest was, on average, 5 years old (Skole et al. 1994 , Fearnside 1996 . We used the areal estimates in Table 2 in conjunction with these growth and age assumptions to calculate biomass for converted forest and for the entire 33,000 km 2 TM scene. The results indicated that, without age information, secondary forest biomass errors were approximately -20% (5 t·ha -1 ·yr -1 , 5 years old) to +60% (10 t·ha -1 ·yr -1 , 5 years old). These percentage differences were relative to the "true" secondary forest biomass calculated as a function of age in Table 2 (i.e., 6795 t). However, relative to the entire TM scene, differences between the total biomass computed with and without age information were less than 0.5%. In other words, to estimate the biomass of secondary forest in and of itself, age information is crucial. The lack of that information can lead to substantial errors, which themselves depend on assumptions made concerning the average age and accumulation rates of the secondary forest. However, if one is interested in calculating the biomass over an entire TM scene in which approximately one-fifth of that scene has been converted to secondary forest, information about the age of that secondary forest is of almost no consequence. This finding reflects the fact that approximately 80% of the area is in primary forest, which supports the vast preponderance of the aboveground biomass.
However, in areas such as Rondônia, where primary forest conversion occurs rapidly, the extent of primary forest will dwindle with time and the area of secondary forest will increase. Biomass (and carbon) budget errors will obviously become more pronounced as the areal extent of secondary forest grows relative to primary forest area. The second scenario quantifies the importance of secondary forest age information in a situation where all of the original forest has been cut.
Scenario 2: 2090. Scenario 2 looks at a situation in which effectively 100% of the primary forest within a TM scene has been converted to agricultural uses or secondary forest. Fearnside (1996) predicted that colonized areas of Rondônia will, in 2090, be composed of 0.9% primary forest, 56.4% nonforest/agriculture, and 42.7% secondary forest. He described his primary forest class as actually being secondary forest more than 100 years old, effectively carrying the same amount of biomass as the primary forest. He predicted that the nonforest/agriculture areas would be composed of farmland (5.2%), productive pasture (46.8%), and degraded pasture (4.4%). For the 42.7% constituting secondary forest, 2.2% of the total area grew from abandoned farmland and 40.5% grew on abandoned pasture. These percentages were combined with the characteristics of the Rondônia TM scene in 1995 to characterize the scene in 2090 (Table 3 ).
As Table 3 shows, young (less than 8 years old) secondary forest accounts for over 40% of the land area in this futuristic TM scene, and almost 50% of the scene biomass resides in this young secondary forest. An additional 12% of the biomass resides in secondary forest more than 100 years old. Obviously, as any settled area ages, secondary forest will play a larger role in biomass and carbon state and flux measurements. In the context of this article, the question is, what errors are involved in biomass estimates if secondary forest age information is not available? With Table 3 describing a colonization endgame and providing ground reference biomass estimates, alternate bio-mass estimates were generated without the age and clearing history information. As in Scenario 1, it was assumed that the undifferentiated secondary forest class was, on average, 5 years old and that it accumulated biomass at two different rates: 5 t·ha -1 ·yr -1 and 10 t·ha -1 ·yr -1 .
Because the same age and clearing history breakdowns were used in the 1995 and 2090 scenarios, the error rates associated with estimating secondary forest biomass were identical (5 t·ha -1 ·yr -1 yielded a 19% underestimate; 10 t·ha -1 ·yr -1 yielded a 62% overestimate). However, because secondary forest made up such a large areal percentage of the TM scene and carried the majority of the biomass, errors associated with scene biomass estimates were much larger than in the 1995 scenario. An accumulation rate assumption of 5 t·ha -1 ·yr -1 yielded a scene biomass error rate of -9%; an accumulation rate of 10 t·ha -1 ·yr -1 resulted in a 30% biomass overestimate. These errors are markedly higher than the error rates of less than one-half percent noted for the 1995 scenario.
Thus, as forest conversion continues and as secondary forest becomes the majority cover type, the age and clearing history of the secondary forest will have a greater influence on biomass and carbon state measurements. The numbers we have presented are coarse approximations. However, the same assumptions concerning biomass accumulation rates were used to generate both the ground ref- (1-3) are sensitive to the amount of chlorophyll in the sensor's field of view. TM band 4 is sensitive to differences in cellular leaf structure, and it is this band, for instance, where significant spectral differences are noted between broad-leaved and needle-leaved trees. The middle infrared TM bands (5, 7) react to leaf water content. Squares, first-degree secondary forest, 1-7 years; triangles, second-degree secondary forest, 1-5 years; diamonds, third-degree secondary forest, 1-3 years; asterisks, primary forest. Although the variation associated with these mean values is not shown, one standard deviation plotted around any of these means would incorporate the means of the remaining two groups. The figure illustrates the similarity of the spectral responses of secondary forests with different clearing histories.
erence data (with age data) and the undifferentiated (without age data) secondary forest biomass estimates. These assumptions were maintained so as not to inflate estimation errors, and we recognize that these similarities introduce some circularity to our argument. However, our goal was to quantify the impact of secondary forest age information (or lack thereof) on the biomass and carbon budgets of a tropical forest undergoing conversion. Our findings indicate that secondary forest age information is crucial to developing accurate estimates of biomass and carbon in secondary forests (without regard to other cover types) and also in those situations in which the majority of the biomass in a given study area rests in secondary forest.
Our study also indicates that single-date Landsat TM data can be used to accurately and reliably delineate secondary forest from primary forest and nonforest. However, single-date TM spectral and textural data cannot be used to classify secondary forest into 1-year age groups, and it cannot provide insight into clearing history. The comparisons provide estimates of errors that might be incurred if secondary forest age information is not available. Scene biomass estimation errors on the order of -9% to +30% were noted in the scenario in which secondary forest age information was not available and the region was dominated by nonforest and secondary forest cover types.
Consideration of secondary forest age groups
Many studies that have quantified the effects of Amazonian deforestation in terms of biomass or carbon flux have assumed a monolithic transformation from forest to pasture or from forest to bare ground. The replacement nonforest cover type is assumed to remain in that state indefinitely. However, ignoring the effects of secondary forest in terms of biomass accumulation and storage leads to biomass estimation errors and hence carbon state and flux errors (Fearnside 1996) . Any adequate treatment of biomass and carbon in the Amazon will have to include secondary forests in the budget and should, if possible, consider at least the age of the secondary forest in calculating biomass. With time, as more land is cleared, biomass estimation errors will increase. Even if secondary forest land cover is taken into account, estimation errors on the order of 30% may be realized if the age structure of the secondary forest is not included in the calculation of biomass.
Our analysis indicates that single-date TM imagery cannot reliably discriminate secondary forest age based on TM spectral and texture data. However, other studies have Table 3 . Land-cover area and biomass for the Rondônian Thematic Mapper scene in 2090. Areal estimates were formed assuming that the area of water and natural nonforest did not change over the 100 years and that the age-class breakdown of the secondary forest was identical to the 1995 scene.
successfully delineated broader age categories (e.g., 1-5, 6-10, and 10-15 years old, Moran et al. 1994 ; 1-5 and 5-8 years old, Rignot et al. 1997) , and numerous studies have concluded that secondary forest and primary forest satellite spectral signals merge after approximately 15 years (Moran et al. 1994 , Steininger 1996 in these Amazonian forests. Moreover, there is evidence that secondary tropical forests between 1 and 10 years old accumulate biomass at a relatively constant rate. Accumulation rates then drop off significantly in older secondary forest stands Brown 1982, Brown and Lugo 1990) . Consequently, a simple division of secondary forest into broad age categories (e.g., those of Moran et al. 1994) and the application of general biomass accumulation rates may go a long way in mitigating estimation errors. However, there is no consensus in the literature as to what biomass accumulation rates might be assigned to these general age categories. In fact, field-measured and estimated regeneration rates vary widely (see Lugo and Brown 1982 , Salati and Vose 1983 , Uhl et al. 1988 , Brown and Lugo 1990 , Moran et al. 1994 , Rignot et al. 1997 for a range of estimates). We suggest, based on our literature search, that the following rates might provide reasonable midpoints: 10 t·ha -1 ·yr -1 of aboveground dry biomass in secondary forest 1-10 years old (a composite estimate based on Uhl et al. 1988 , Brown and Lugo 1990 , Houghton et al. 1991 , and Moran et al. 1994 ) and 4 t·ha -1 ·yr -1 in secondary forest of 11-15 years old (Brown and Lugo 1990 , as cited in Foody et al. 1996) . Although our study indicates that single-date TM imagery cannot be used to accurately estimate 1-year age classes in secondary tropical forest, studies by others indicate that broader age groups (1-10 and 11-15 years old) can be characterized. Assignments of biomass accumulation rates to these age groups should reduce errors associated with biomass and carbon stock and flux estimation. Mitigation of errors in carbon estimates will become critical as global warming issues and the international economic implications of those issues come to the fore in the next decade.
